1. Introduction {#sec1-sensors-18-02678}
===============

Pose estimation is a major part for an efficient and flexible object inspection, grasping or manipulation system. Since the origins of visual image processing, object detection and localization have been considered as an essential part of the object recognition and scene understanding problems, representing one of the main motivations and research directions in the computer vision field \[[@B1-sensors-18-02678]\]. Historically, 6D pose estimation of free-form objects, also referred to as sculptured objects, has been a challenging research goal due to the variability of the vision systems and the three-dimensional nature of the problem \[[@B2-sensors-18-02678]\]. The introduction of range data applied to object recognition in the late 1970s \[[@B3-sensors-18-02678]\] opened a new research path by providing additional depth information and data sources robust to illumination changes. Before the 1990s, most of the approaches were focused on the detection of objects within a specific narrow domain of simple solids, polygonal or polynomial shapes \[[@B4-sensors-18-02678]\]. Since then, the increasing computational power and the introduction of more accessible sensor technologies \[[@B5-sensors-18-02678]\] have motivated new branches and research directions, continuously enlarging the object domain and the complexity of the scenes. Nowadays, the most prominent research directions can be categorized in feature-based, template matching and machine learning methods.

Feature-based methods can be considered the most extended solution to approach the object recognition problem using three-dimensional data. They are commonly divided in two groups: local and global methods. Local feature-based methods \[[@B6-sensors-18-02678]\] are based on matching descriptors of local surface characteristics, usually extracted around selected keypoints for efficiency reasons. Among their principal attributes, there is the implicit robustness against occlusion and clutter resulting from the local nature of the description. On the other hand, global feature-based methods (e.g., \[[@B7-sensors-18-02678],[@B8-sensors-18-02678],[@B9-sensors-18-02678],[@B10-sensors-18-02678]\]) follow a different pipeline for which the whole object surface is described by a single or small set of descriptors. For most approaches, each global feature describes each of the views of the object, named view-dependent descriptors. The global nature of these descriptors implies the separation of the described surface from their surroundings, which introduces a segmentation step on the common global feature recognition pipeline.

In another direction, template matching techniques, extended from two-dimensional computer vision, have also been proposed for RGB-D data. For two-dimensional images, approaches relaying on image gradients \[[@B11-sensors-18-02678],[@B12-sensors-18-02678]\] have provided relatively good results under occlusion and illumination changes. Based on these methods, Hinterstoisser et al. \[[@B13-sensors-18-02678]\] proposed a template matching technique extended to RGB-D data using quantized surface normals as a depth cue. In a similar fashion, recently, Hodan et al. \[[@B14-sensors-18-02678]\] applied the concept of multimodal matching of \[[@B13-sensors-18-02678]\] on an efficient cascade-style evaluation strategy.

Techniques based on supervised machine learning \[[@B15-sensors-18-02678],[@B16-sensors-18-02678]\] have been also used for object recognition and pose estimation on RGB-D data. Brachmann et al. \[[@B17-sensors-18-02678]\] introduced a method and an extension \[[@B18-sensors-18-02678]\] for object pose estimation using a random forest to classify the pixels of an RGB-D image. Tejani et al. \[[@B19-sensors-18-02678]\] adapted the multimodal template of \[[@B13-sensors-18-02678]\] as a scale-invariant patch representation integrated into a random forest. Finally, Kehl et al. \[[@B20-sensors-18-02678]\] presented a method based on Convolutional Neural Network (CNN) using RGB-D patches.

In 2010, a feature-based method based on Point Pair Features \[[@B21-sensors-18-02678]\] was presented as a compromised solution between the local and global approaches. Following the traditional local matching pipeline while using a global modeling, the approach showed a promising trade-off between recognition rates and speed. Based on the idea of surflet pairs \[[@B22-sensors-18-02678]\], the method relays on four-dimensional features defined between pairs of oriented points to describe the object surface. These features are used to find correspondences between scene and model pairs of points, which are grouped for each scene point, generating a set of pose candidates. The correspondences are determined by quantizing the feature space, effectively grouping similar pairs together. Then, for each scene point, a candidate pose is generated by grouping all related corresponding pairs on a two-dimensional space defined by the model corresponding points and the rotation angles around the points normal. At the end, candidate poses are clustered and sorted to obtain a final hypothesis.

Following this idea, in 2011, Kim and Medioni \[[@B23-sensors-18-02678]\] proposed a variation of the original method by including visible context information, differentiating visible points, points on the surface and invisible points. In addition, they used two novel verification steps to check for surface alignment and surface separability. Drost and Ilic \[[@B24-sensors-18-02678]\] introduced in 2012 a multimodal extension of the method including edge information extracted from RGB data. Moreover, their approach included non-maximum suppression of the clustered poses and a pose refinement step based on Iterative Closest Point (ICP). Birdal and Ilic \[[@B25-sensors-18-02678]\], in 2015, analyzed some drawbacks of the method and proposed a novel framework to overcome some of the issues regarding the high dimensionality of the search space, sensitivity of the correspondence and the effect of outliers and low density surfaces. Their novel solution included a coarse-to-fine segmentation step, a weighted Hough voting and a fast ranking and verification postprocessing steps. Hinterstoisser et al. \[[@B26-sensors-18-02678]\] published in 2016 a major revision of the method presenting a novel approach with higher performance and improved robustness against occlusion and clutter. Among their contributions, they proposed to use normal information during preprocessing and mitigated the discretization problems of the data by an exhaustive neighbor checking. Their method used two different size voting zones and an additional data structure to avoid multiple voting of similar pairs. In addition, they proposed an improved bottom-up clustering strategy and several additional verification steps. Recently, Kiforenko et al. \[[@B27-sensors-18-02678]\] presented a complete performance evaluation of the Point Pair Features including a detailed comparison with the most popular local features.

This paper extends the preliminary work presented in \[[@B28-sensors-18-02678]\], defining a novel method based on the Point Pair Features voting approach \[[@B21-sensors-18-02678]\] for robust 6D pose estimation of free-form objects under clutter and occlusions on range data. The contributions of the proposed method are novel preprocessing steps to extract relevant point cloud data, a more efficient feature matching approach, which mitigates quantization errors, and an improved hierarchical clustering step. In addition, this is complemented with several postprocessing steps, including a novel view-dependent re-scoring process for candidate hypotheses and efficient verifications steps to discard false-positive cases. These processes are presented in an integrated local feature-based pipeline divided in six consecutive steps. Finally, the proposed method is tested against other 15 state-of-the-art methods on the recently presented BOP benchmark \[[@B29-sensors-18-02678]\] obtaining a relative improvement of 6.6% with respect to the second best method.

2. Method {#sec2-sensors-18-02678}
=========

2.1. The Basics {#sec2dot1-sensors-18-02678}
---------------

First introduced by Drost et al. \[[@B21-sensors-18-02678]\], the Point Pair Features voting approach is a feature-based solution combining a global modeling and a local matching stage within a local pipeline using sparse features. The method details have been explained in several publications (e.g., \[[@B21-sensors-18-02678],[@B26-sensors-18-02678]\]), however, for completeness and better understanding of the paper, we consider it important to offer a general overview of the approach with special emphasis on some specific points.

Using point cloud representations of oriented points (i.e., points with normals), the method relays on four-dimensional features extracted from pairs of points (from now on "point pairs" or simply "pairs") to globally describe the whole object from each surface point in a way that later the object can be locally matched with the scene. This four-dimensional feature, called Point Pair Feature or PPF, defines an asymmetric description between two oriented points by encoding their relative distance and normal information, as shown in [Figure 1](#sensors-18-02678-f001){ref-type="fig"}. In detail, having a set of points in the 3D space $\mathbf{M} \subset \mathbb{R}^{3}$ representing the model object, for a given 3D point $m_{r} \in \mathbf{M}$, called reference, and a given 3D point $m_{s} \in \mathbf{M}$, named second, such that $m_{r} \neq m_{s}$, with their respective unit normal vectors ${\hat{n}}_{m_{r}}$ and ${\hat{n}}_{m_{s}}$, a model four-dimensional feature $f^{m} \in \left( \mathbf{F}^{\mathbf{m}} \subset \mathbb{R}^{4} \right)$ is defined by Equation ([1](#FD1-sensors-18-02678){ref-type="disp-formula"}), $$F_{rs}{(m_{r},m_{s},{\hat{n}}_{m_{r}},{\hat{n}}_{m_{s}})} = \left. \lbrack\, \middle| \right|\overset{\rightarrow}{d}\left| \middle| ,\angle \right.\left( {\hat{n}}_{m_{r}},\overset{\rightarrow}{d} \right),\angle\left( {\hat{n}}_{m_{s}},\overset{\rightarrow}{d} \right),\angle{({\hat{n}}_{m_{r}},{\hat{n}}_{m_{s}})}{\,\rbrack}^{T},$$ where $\overset{\rightarrow}{d} = \left( m_{s_{x}} - m_{r_{x}},m_{s_{y}} - m_{r_{y}},m_{s_{z}} - m_{r_{z}} \right)$ and $\angle(\overset{\rightarrow}{a},\overset{\rightarrow}{b})$ is the angle between the vector $\overset{\rightarrow}{a}$ and $\overset{\rightarrow}{b}$. In the same way, having a set of point $\mathbf{S} \subset \mathbb{R}^{3}$ representing the scene data, the function $F_{rs}$ can be applied to compute a scene PPF using a pair of scene points $s_{r},s_{s} \in \mathbf{S}$ such that $s_{r} \neq s_{s}$, with their respective unit normal vectors ${\hat{n}}_{s_{r}}$ and ${\hat{n}}_{s_{s}}$. Notice that, if the object model has $\left| \mathbf{M} \right|$ points, the total number of features is defined by $|\mathbf{F}^{\mathbf{m}}\left| = \middle| \mathbf{M} \right|^{2} - \left| \mathbf{M} \right|$. In order to reduce the effect of this square relation on the method performance, the input data of both model and scene are downsampled with respect to the model size, effectively decreasing the complexity of the system.

The method can be divided into two main stages: modeling and matching. On modeling, the global model descriptor is created by computing and saving all the possible model pairs with their related PPF. During the matching stage, the model pose in the scene is estimated by matching the scene pairs with the stored model pairs using the PPF. This matching process consists of two distinctive parts: (1) find the correspondence between the pairs using the four-dimensional features and (2) group the correspondences generating hypotheses' poses.

The correspondence problem between similar point pairs is efficiently solved by grouping the pairs with the same quantized PPF on a hash table or, alternatively, a four-dimensional lookup table. Quantizing the feature space defines a mapping from each four-dimensional space element to the set of all point pairs that generate this specific feature. In particular, for the object model, this mapping from quantized features to sets of model pairs defines the object model description expressed by the function $L:\mathbb{Z}^{4}\rightarrow\mathcal{P}\left( \mathbf{M}_{\mathbf{pp}} \right)$, where $\mathbf{M}_{\mathbf{pp}} = \left\{ \left( m_{r},m_{s} \right) \mid m_{r},m_{s} \in \mathbf{M},m_{r} \neq m_{s} \right\}$ and $\mathcal{P}\left( \mathbf{X} \right)$ represents the power set of $\mathbf{X}$. In other words, point pairs that generate the same quantized PPF are grouped together on the same table position pointed by their common quantized index, effectively grouping pairs with similar features. This process of model construction is done during the modeling stage, as shown in [Figure 2](#sensors-18-02678-f002){ref-type="fig"}a for three sample point pairs. Using this model description, given one scene pair, similar model pairs can be retrieved by accessing a table position pointed by the PPF quantized index. The quantization index is obtained by a quantization function $Q:\mathbb{R}^{4}\rightarrow\mathbb{Z}^{4}$ using the step size $\Delta_{dist}$ for the first dimension and $\Delta_{angle}$ for the remaining three dimensions. The quantization step size will bound the similarity level, i.e., correspondence distance, between matching features, and hence point pairs. Defining a function $N:\mathbb{R}^{3}\rightarrow\mathbb{R}^{3}$ that computes a normal from a point, the correspondence matching subset of model pairs $\mathbf{A} \subseteq \mathbf{M}_{\mathbf{pp}}$ for a given scene pair $\left( s_{r},s_{s} \right)$ and its related quantized feature ${\overline{f}}^{s} = Q\left( F_{rs}\left( s_{r},s_{s},\hat{n_{s_{r}}},\hat{n_{s_{s}}} \right) \right)$ is defined by Equation ([2](#FD2-sensors-18-02678){ref-type="disp-formula"}):$$L{({\overline{f}}^{s})} = \left\{ \left( m_{r},m_{s} \right) \in \mathbf{M}_{\mathbf{pp}} \mid Q\left( F_{rs}\left( m_{r},m_{s},N\left( m_{r} \right),N\left( m_{s} \right) \right) \right) = {\overline{f}}^{s} \right\}.$$

From each scene-model point pair correspondence, a 6D pose transformation, or hypothesis, can be generated. Specifically, for a corresponding point pair $\left( m_{r},m_{s} \right) \in \mathbf{A}$, the matched reference points $\left( s_{r},m_{r} \right)$ and their normals $\left( {\hat{n}}_{s_{r}},{\hat{n}}_{m_{r}} \right)$ constrain five degrees of freedom, aligning both oriented points, and the second points $\left( s_{s},m_{s} \right)$, as long as they are non-collinear, constrain the remaining degree of freedom, which is a rotation around the aligned normals. However, the discriminative capability of a single four-dimensional feature from two sparse oriented points is clearly not enough to uniquely encode any surface characteristic, producing wrong correspondences. Therefore, the method requires a group of consistent correspondences to support the same hypothesis. Actually, the more correspondences support a single pose, the more likely this will be. In this regard, grouping consistent point pair correspondences, or, alternatively, 6D poses obtained from corresponding pairs have a high dimension complexity. In order to effectively solve this problem, a local coordinate, which we will refer to as LC, is used to efficiently group the poses within a two-dimensional space. As with two corresponding pairs, for a given scene point $s_{i} \in \mathbf{S}$ that belongs to the object model, a 6D pose can be defined by only using one corresponding model point $m_{j} \in \mathbf{M}$ and a rotation angle $\alpha$ around their two aligned normals, i.e., ${\hat{n}}_{s_{i}}$ and ${\hat{n}}_{m_{j}}$. In this way, for the scene point $s_{i}$, a 6D pose transformation candidate ${}^{S}T_{M} \in SE\left( 3 \right)$ can defined by the LC represented by the parameters $\left( m_{j},\alpha \right)$, as shown in [Figure 3](#sensors-18-02678-f003){ref-type="fig"}. To solve this transformation, both points and normals are aligned respectively with the origin and *x*-axis of a common world coordinate system $\left\{ W \right\}$. Taking the scene point, this alignment can be expressed by the transformation ${}^{W}T_{S} = \left( R,t \right) \in SE\left( 3 \right)$. The rotation that aligns the normal vector ${\hat{n}}_{s_{i}}$ to the *x*-axis ${\hat{e}}_{x}$ is defined by the axis-angle representation $\theta\hat{v}$, where $\theta = \angle\left( {\hat{n}}_{s_{i}},{\hat{e}}_{x} \right)$ and $\hat{v} = \frac{{\hat{n}}_{s_{i}} \times {\hat{e}}_{x}}{{||}{\hat{n}}_{s_{i}} \times {\hat{e}}_{x}{||}}$. Therefore, the rotation matrix $R \in SO\left( 3 \right)$ can be efficiently found using the Rodrigues' rotation formula \[[@B30-sensors-18-02678]\]. In turn, the translation $t \in \mathbb{R}^{3}$ is defined by $t = - Rs_{i}$. Exactly in the same way, the transformation ${}^{W}T_{M} \in SE\left( 3 \right)$ is found for the model point $m_{j}$ and its normal ${\hat{n}}_{m_{j}}$. Using these two transformations and the rotation angle, the 6D pose for a given object instance is defined by Equation ([3](#FD3-sensors-18-02678){ref-type="disp-formula"}):$${}^{S}T_{M} = \left( {}^{W}T_{S} \right)^{- 1}R_{x}\left( \alpha \right)^{W}T_{M},$$ where $R_{x}\left( \beta \right) \in SO\left( 3 \right)$ represents a rotation of $\beta$ angle around the *x*-axis. Using the LC, the correspondence grouping problem can be individually tackled for any scene pair created from $s_{i}$ by grouping the corresponding model pairs in a two-dimensional space using the parameters ($m_{j},\alpha$).

During grouping and hypothesis generation, for every reference scene point $s_{i}$, the method intends to find the LC, i.e., ($m_{j},\alpha$), which defines the best fitting model pose on the scene data or, in other words, that maximizes the number of pairs correspondences that support it. This correspondence grouping problem is solved by defining a two-dimensional voting table or *accumulator*, in a Generalized Hough Transform manner, representing the parameter space of the LC, where one dimension represents the corresponding model point $m_{j}$ and the other the quantized rotation angle $\alpha$. In particular, for each possible scene pair generated from $s_{i}$, i.e., $\left( s_{r},s_{s} \right) \in \left\{ \left( s_{k},s_{l} \right) \mid s_{k},s_{l} \in \mathbf{S},s_{k} \neq s_{l},s_{k} = s_{i} \right\}$, a LC will be defined by a corresponding pair $\left( m_{r},m_{s} \right)$ reference point, i.e., $m_{j} = m_{r}$, and the rotation angle $\alpha$ defined by the two second points $\left( s_{s},m_{s} \right)$. The corresponding model pairs are retrieved from the lookup table using the quantized PPF and, for each obtained LC, a vote is cast on the table, as represented by [Figure 2](#sensors-18-02678-f002){ref-type="fig"}b for a single pair. After all pairs are checked, the peak of the table represents the most supported LC, and hence the most likely pose, for this specific $s_{i}$ point. This process is applied to all or, alternatively, a fraction of the scene points, obtaining a set of plausible hypotheses.

To increase the efficiency of the voting part, which requires to compute the $\alpha$ angle for each pair correspondence, it is possible to split the rotation angle $\alpha$ in two parts; one part related to the model point, $\alpha_{m}$, and one part related to the scene point, $\alpha_{s}$. In detail, taking into account that in the intermediate world coordinate system the $\alpha$ angle is defined around the *x*-axis, the rotation on the two-dimensional $yz$-plane can be divided with respect to the positive *y*-axis. In this case, the $\alpha_{m}$ and $\alpha_{s}$ will be defined as the rotation angles between the positive *y*-axis vector ${\hat{e}}_{y}$ and the $yz$-plane projection of the vectors obtained by the world transformed second points of the model pair (${}^{W}T_{M}\, m_{s}$) and scene pairs (${}^{W}T_{S}\, s_{s}$). As shown in [Figure 4](#sensors-18-02678-f004){ref-type="fig"}, these angles can be defined as $\alpha_{s} = a$tan$2\left( a_{z},a_{y} \right)$ and $\alpha_{m} = a$tan$2\left( b_{z},b_{y} \right),$ where $a =^{W}T_{S}\, s_{s}$, $b =^{W}T_{M}\, m_{s}$ and *a*tan$2\left( \beta,\gamma \right)$ represents the multi-valued inverse tangent. With this solution, the model angle can be precomputed during the modeling stage and saved alongside the reference point in the lookup table $\left( m_{r},\alpha_{m} \right)$. Later, during the matching stage, for each scene pair, the $\alpha$ angle is computed by adding the two angles. Considering that $\alpha$ is defined from the model to the scene, the total angle can be computed as $\alpha = \alpha_{s} - \alpha_{m}$.

Finally, in order to join similar candidate poses generated from different scene reference points, the method is completed with a clustering approach that groups similar poses that do not vary in rotation and translation more than a threshold.

2.2. Our Proposal {#sec2dot2-sensors-18-02678}
-----------------

In this section, we define a new method based on the well-known Point Pair Features voting approach \[[@B21-sensors-18-02678]\] for robust 6D pose estimation of free-form objects under clutter and occlusions on range data. In detail, the original ideas presented in \[[@B21-sensors-18-02678]\] are improved and a complete method within a local feature-based pipeline is defined. The proposed method pipeline, shown in [Figure 5](#sensors-18-02678-f005){ref-type="fig"}, can be divided in an *Offline* modeling and an *Online* matching stages with six basic steps: *Preprocessing*, *Feature Extraction*, *Matching*, *Hypothesis Generation*, *Clustering* and *Postprocessing*. Due to this method's particular correspondence grouping step, using a voting table for each scene point, a basic straightforward implementation will require to create a voting table for each of the scene points during the hypothesis generation step, with large memory requirements. From a practical point of view, a more efficient solution is to iteratively generate a hypothesis for each scene point using a single voting table. In this regard, the green fine dotted box in [Figure 5](#sensors-18-02678-f005){ref-type="fig"} represents the iterative implementation of the steps *Feature Extraction*, *Matching* and *Hypothesis generation* for each scene point. The method is considered to work with mesh data for modeling and organized point cloud for matching, as standardized data types.

### 2.2.1. Preprocessing {#sec2dot2dot1-sensors-18-02678}

The Point Pair Feature voting method strongly relies on the discriminative effect of the PPF and their sparse nature to allow an efficient, structural aware local matching. The performance of the original four-dimensional PPF and its variants has been deeply studied by Kiforenko et al. \[[@B27-sensors-18-02678]\]. Their work concludes that a set of PPF globally defining a model point has stronger discriminative capability than most local features. On the other hand, they also showed that, despite its robustness, the PPF are significantly affected by noise. In fact, individually, each feature relies on the quality and relevance of the normal and distance information extracted from the sparse surface characteristics provided by the pairs of the sampled data. In this sense, low quality or non-discriminative features will reduce speed and decrease the recognition performance of the method. Therefore, the overall global description performance, in terms of time and recognition, depends on the number of features and the relevance and quality of each individual feature. This relation makes the performance of the approach rely significantly on the preprocessing steps. In turn, the sampling and normal estimation in preprocessing are mainly affected by the sensor noise and the relative size of the underlying surface characteristics. Taking these considerations into account, we propose a combination of two normal estimation approaches and a novel downsampling methodology that mitigates sensor noise, accounts for surface variability and maximizes the discriminative effect of the features.

#### Normal Estimation {#sec2dot2dot1dot1-sensors-18-02678}

For the normal estimation problem, we propose using two different variants regarding the input data representation of each stage. For the *Offline* stage, using reconstructed or CAD mesh data, the normals are estimated by averaging the normal planes of each vertex's surrounding triangles. In this case, noise and resolution limitations regarding surface reconstruction techniques are considered out of the scope of this manuscript, and thus not considered. For the *online* stage, using the organized point cloud data, we use the method proposed in \[[@B13-sensors-18-02678]\], based on the first order Taylor expansion, including a bilateral filter inspired solution for cases where the surface depth difference is above a given threshold. These two approaches provide a normal estimation relative to the data source resolution and, additionally, the *online* method provides an efficient and robust estimation against sensor noise \[[@B13-sensors-18-02678]\]. Notice that noisy and spiky surface data will affect the quality of the normal estimation step and, in turn, the downsampling step, decreasing the method efficiency and performance. In this regard, a normal estimation robust to noise is a basic part of the method, with a high impact on the matching results \[[@B27-sensors-18-02678]\].

#### Downsampling {#sec2dot2dot1dot2-sensors-18-02678}

Traditional downsampling methods, also called subsampling or decimation, based on voxel-grid or Poisson-disk sampling, have a fixed size structure that do not consider local information and tend to either average or ignore parts of the data, removing and distorting important characteristics of the underlying surface. If these characteristics want to be somehow preserved, these methods require increasing the sampling rate, i.e., decrease voxel size, which in turn dramatically decreases the algorithm performance adding superfluous data. As an alternative to these problems, we propose a novel approach that accounts for the variability of the surface data without increasing non-discriminative pairs.

The proposed method is based on a novel voxel-grid downsampling approach using surface information and an additional non-discriminative pairs' averaging step. The method starts by computing a voxel-grid structure for the point cloud data. For each voxel cell, a greedy clustering approach is used to group those points with similar normal information, i.e., the angle between normals is smaller than a threshold. Then, for each clustered group, we average the oriented points, effectively merging the similar points while keeping discriminative data. [Figure 6](#sensors-18-02678-f006){ref-type="fig"} shows a simplified comparison between the common voxel-grid average method and the proposed normal clustering approach. Notice that, especially due to the PPF quantization space, for close points, distance is not relevant and normals encode the most discriminative information about underlying surface characteristics. As in the original method, the voxel size is set to $\Delta_{dist}$, defining a value relative to the model size. However, in our method, the parameter effect on the algorithm performance is significantly reduced, moving towards a more robust parameter-independent method.

Despite its local efficiency, this downsampling method does not account for the cases where the non-relevant surface characteristics are bigger than the voxel size. To mitigate these cases, when neighboring downsampled voxels contain similar data, we propose an additional step to average those points that do not provide additional surface information. This process is done by defining a new voxel-grid structure, with a much bigger voxel size (e.g., two or three times bigger), and averaging all points that do not have relevant normal data compared with all their neighbors' voxels points. This step will reduce the points on planar surfaces, decreasing the number of total votes supporting the hypothesis. However, as the process is applied equally to the scene and the object, this will mainly decrease the votes of the non-discriminative parts, effectively increasing the value of the rest of the surface data.

### 2.2.2. Feature Extraction {#sec2dot2dot2-sensors-18-02678}

As mentioned before, Kiforenko et al. \[[@B27-sensors-18-02678]\] published an exhaustive study and comparison of different types of PPF. Their results show that, despite the multimodal variants, the original four-dimensional feature \[[@B21-sensors-18-02678]\] provides the best performance for range data. In light of this result, we propose to keep using the original PPF introduced in [Section 2.1](#sec2dot1-sensors-18-02678){ref-type="sec"}, represented in [Figure 1](#sensors-18-02678-f001){ref-type="fig"} and Equation ([1](#FD1-sensors-18-02678){ref-type="disp-formula"}).

During the *Offline* stage, the model bounding box is obtained and the model diameter $d_{m} \in \mathbb{R}$ is estimated as the diagonal length of the box. For a given PPF, a four-dimensional index is obtained using the quantization function defined in Equation ([4](#FD4-sensors-18-02678){ref-type="disp-formula"}):$$Q\left( \mathbf{x} \right) = {\lbrack{\lfloor\frac{x_{1}}{\Delta_{dist}}\rfloor},{\lfloor\frac{x_{2}}{\Delta_{angle}}\rfloor},{\lfloor\frac{x_{3}}{\Delta_{angle}}\rfloor},{\lfloor\frac{x_{4}}{\Delta_{angle}}\rfloor}\rbrack}^{T},$$ where the quantization step $\Delta_{dist}$ is set to $0.05\mspace{600mu} d_{m}$ and $\Delta_{angle}$ is fixed to $\frac{\pi}{15}$. These values have been set as a trade-off between recognition rates and speed. In this way, the lookup table is defined with a size of ${\lceil\frac{d_{m}}{\Delta_{dist}}\rceil} \times {\lceil\frac{\pi}{\Delta_{angle}}\rceil} \times {\lceil\frac{\pi}{\Delta_{angle}}\rceil} \times {\lceil\frac{\pi}{\Delta_{angle}}\rceil}$. After preprocessing, for each model pair, the quantized PPF index is obtained and the reference point and the computed $\alpha_{m}$ angle are saved into the pointed table cell. In this case, all points of the model are used.

During the online stage, for each reference point, all possible point pairs will be computed and, using the four-dimensional lookup table, matched with the object model. Following the solution proposed by \[[@B21-sensors-18-02678]\], only one of every five points (in input order) will be used as a reference point, while all points will be used as second points. To improve the efficiency of the matching part, in order to avoid considering pairs further away than the model diameter $d_{m}$, for each scene reference point, we propose to use an efficient Kd-tree structure to obtain only the second points within the model diameter.

### 2.2.3. Matching {#sec2dot2dot3-sensors-18-02678}

As explained in [Section 2.1](#sec2dot1-sensors-18-02678){ref-type="sec"}, the Point Pair Feature voting approach solves the matching problem by quantizing the feature space, grouping all similar pairs under the same four-dimensional index. As a result, any point pair is matched with all the other pairs that generate the same quantized features in a constant time. Despite its efficiency, this approach has two main drawbacks.

The first drawback is regarding the noise effect on the quantized nature of the point pairs matching, as the quantization function *Q* can output different indices for very similar real values. In these cases, similar pairs generate different quantized index, which points to different cells of the lookup table, missing correct correspondences during the online stage. [Figure 7](#sensors-18-02678-f007){ref-type="fig"}a shows a one-dimensional representation of the problem. A straightforward solution was proposed by \[[@B26-sensors-18-02678]\]. Their approach *spreads* the PPF quantized index to all its neighbors, effectively retrieving from the lookup table all the corresponding pairs pointed by the index alongside the pairs stored in its 80 neighboring cells, i.e., $3^{4} - 1$ cells for a four-dimensional table. The main drawback with this method is the increased number of access to the lookup table, which is done for each matching PPF, decreasing significantly the time performance of the method. In addition, another problem can arise regarding the corresponding distance between features. If the quantization size $\Delta$ is kept, see [Figure 7](#sensors-18-02678-f007){ref-type="fig"}b, the correspondence distance increases, dramatically augmenting the number of corresponding pairs and introducing matching pairs with lower similarity level to the voting scheme. An alternative approach is to decrease the quantization size $\frac{\Delta}{3}$, see [Figure 7](#sensors-18-02678-f007){ref-type="fig"}c, accounting for the neighboring cells, using a bigger data structure.

We propose a more efficient solution by only checking a maximum of 16 neighbors keeping the size of the quantization step, as shown in [Figure 7](#sensors-18-02678-f007){ref-type="fig"}d. Considering that the difference between similar pairs are mainly generated by sensor noise, it is reasonable to assume that this noise follows a normal distribution characterized by a relatively small standard deviation $\sigma$, i.e., smaller than half of the quantization step $\sigma < \frac{\Delta}{2}$. Based on this assumption, we propose to check the quantization error $e_{q} = {(\frac{x}{\Delta} - \left\lfloor \frac{x}{\Delta} \right\rfloor)} \in \left\lbrack 0,1 \right)$ to determine which neighbors are more likely to be affected by the noise. This process is defined for each dimension by the piecewise function represented in Equation ([5](#FD5-sensors-18-02678){ref-type="disp-formula"}):$$N\left( e_{q} \right) = \begin{cases}
{- 1,} & {e_{q} < \frac{\sigma}{\Delta},} \\
{1,} & {e_{q} > {(1 - \frac{\sigma}{\Delta})},} \\
{0,} & {{otherwise},} \\
\end{cases}$$ where the result is interpreted as follows: $- 1$ indicates that left neighbor could be affected, 1 indicates that right neighbor could be affected and 0 indicates that no neighbor is likely to be affected.

During matching, for each dimension, those pairs from neighbors that are likely to be affected by noise are retrieved. In practice, for generalization, we set the standard deviation value to three times the quantization step $\sigma = \frac{\Delta}{3}$; however, other values could be used regarding any specific noise model. This method have a best case scenario of accessing to a single table cell and worst case of accessing 16 cells, i.e., $2^{4}$. As we keep the same quantization step as the original method, a relatively lower similarity level correspondence may be retrieved during matching, yet with smaller number and negligible impact on performance.

The second drawback is related with multiple voting and over-representation of similar scene features. This problem is generated when during a scene reference point matching, several different pairs obtain the same combination of model correspondence and quantized $\alpha$ rotation angle. In detail, this happens when similar scene pairs obtain the same model correspondence and they have a similar scene angle value $\alpha_{s}$, generating the same quantized $\alpha$ index. Moreover, this situation is worsened by the neighboring checking method. This problem, especially found on planar surfaces, generates multiple superfluous votes for the same LC on the voting table that may produce a deviation in the results. Following the solution of \[[@B26-sensors-18-02678]\], we avoid matching two model pairs with the same combination of quantized PPF index and scene angle $\alpha_{s}$. This process is efficiently done by creating an additional 32 bits variable for every PPF quantization index, where each bit represents a quantized value of the scene angle. In this way, when matching a point pair using a PPF, the bit value related to the scene angle is checked. Only if the bit is 0 is the matching allowed and the bit is set to 1, avoiding any new matching with the same exact combination. Notice that the first drawback could be more efficiently solved during training by duplicating the pairs on the neighboring cell. However, in this case, the second drawback will be more difficult to avoid, as keeping track of the same pairs on different cells will request a more complex checking strategy.

### 2.2.4. Hypothesis Generation {#sec2dot2dot4-sensors-18-02678}

As explained before, for each scene reference point, all the possible pairs are matched with the model. Then, during hypothesis generation, all consistent correspondence are grouped together generating a candidate pose. In detail, for each obtained scene--model pair correspondence, an LC combination is voted in the two-dimensional voting table. In this way, each position of the table represents an LC, which defines a model pose candidate in the scene, and its value represents the number of supports, which indicates how likely the pose is. The LC $\alpha$ angle is quantized by $\Delta_{angle}$ defining a voting table with a total size of $|M| \times \lceil\frac{2\pi}{\Delta_{angle}}\rceil$. After all votes have been cast, the highest value of the table indicates the most likely LC, defining a candidate pose for this scene reference point. At this step, an important problem arises from the assumption that a local coordinate always exists and, therefore, each piece of scene data has a corresponding model point. In reality, most scenes will have a majority of points that do not belong to the object. In order to avoid generating false positive poses, which can induce bias to the following clustering step, we propose defining a threshold to only consider LC with a minimum number of supports, e.g., three or five votes. Therefore, if the peak of the table is below this number, the pose will be discarded; otherwise, a candidate pose with an associated score is generated.

### 2.2.5. Clustering {#sec2dot2dot5-sensors-18-02678}

The matching result of different scene reference points yields multiple candidate poses which may be defining the same model hypothesis pose. In order to joint similar poses together, we propose using a hierarchical complete-linkage clustering method. This clustering approach enforces that all combinations of elements of each cluster follow the same conditions based on two main thresholds, distance and rotation. In practice, we sort the candidate poses by their vote support and create a cluster for each individual pose. Then, all clusters are checked in order and two clusters are joined together when for all combinations of their elements the conditions hold. In this way, the most likely clusters will be merged first, reducing the effect of mutual exclusive combinations. In detail, for two defined thresholds $\theta$ and $\omega$, two clusters $\mathbf{C}_{\mathbf{i}},\mathbf{C}_{\mathbf{j}} \subset SE\left( 3 \right)$ will be joined if they satisfy the condition:$$max\left\{ dist\left( P_{k},P_{l} \right) \mid P_{k} \in \mathbf{C}_{\mathbf{i}},P_{l} \in \mathbf{C}_{\mathbf{j}} \right\} < \theta \land max\left\{ rot\left( P_{k},P_{l} \right) \mid P_{k} \in \mathbf{C}_{\mathbf{i}},P_{l} \in \mathbf{C}_{\mathbf{j}} \right\} < \omega,$$ where the binary function $dist:SE\left( 3 \right) \times SE\left( 3 \right)\rightarrow\mathbb{R}$ represents the Euclidean distance and the binary function $rot:SE\left( 3 \right) \times SE\left( 3 \right)\rightarrow\left\lbrack 0,\pi \right\rbrack$ represents the rotation difference between two poses defined by the double arccosine of the inner product of unit quaternions \[[@B31-sensors-18-02678]\]. Finally, for each cluster, all elements are merged and individual scores are summed up to define a new candidate pose.

### 2.2.6. Postprocessing {#sec2dot2dot6-sensors-18-02678}

At this point, the method provides a list of candidate poses sorted by score. The score of each pose is just an approximation obtained from the sum of each clustered pose number of matching pairs. Due to the nature of the hypothesis generation and clustering steps, joining poses obtained from each table peak, the clustered pose score may not properly represent how well the pose fits the object model to the scene. In this regard, we propose computing a more reliable value through an additional re-scoring processes. This new score will be computed by adding the total number of model points that fit the scene, where a fitting point is a model point closer to a scene point than a threshold. In particular, for a given pose $P \in SE\left( 3 \right)$, the fittings score is computed as shown in Equation ([7](#FD7-sensors-18-02678){ref-type="disp-formula"}):$$S_{fitting}\left( P \right) = \sum\limits_{m \in \mathbf{M}}\left\lbrack min\left\{ \middle| \middle| Pm \right. \right. - \left. s \middle| \right| \mid s \in {\left. \mathbf{S} \right\}\left. < th \right\rbrack,}$$ where \[\] represents the Iverson bracket and *th* represents the maximum distance threshold. Taking into account the preprocessing of the data, this threshold is set to half of the voxel size. Notice that this re-scoring procedure can be efficiently solved by a Kd-tree structure.

Even though this process provides a better fitting value approximation, there are two important issues that can still reduce the accuracy of the score. First, the deviation produced by model points that are self-occluded in the scene by the camera view, and, second, the possible aligning error of the object model respect to the scene. In order to mitigate these problems, we propose to use an efficient variant of the ICP algorithm alongside a perspective rendering of the object model for each hypothesis pose. For every clustered pose, the model object will be rendered using a virtual camera representing the scene acquisition system. At this point, the rendered data will be downsampled in the same way than the scene data. After that, an efficient point-to-plane ICP algorithm, based on Linear Least-Squares Optimization \[[@B32-sensors-18-02678]\], using projective correspondence \[[@B33-sensors-18-02678]\] will be applied. Despite the efficiency of this process, the large number of hypotheses obtained from the previous steps could significantly affect the whole method performance. A compromise solution is to apply this re-scoring and ICP steps only to the subset of the clustered poses with the higher scores, which represent the more likely fitting poses.

Based on the ideas proposed by \[[@B23-sensors-18-02678],[@B25-sensors-18-02678],[@B26-sensors-18-02678]\], after the re-scoring process, two verification steps are applied to filter false positive cases. These steps are introduced to discard well fitting model poses that do not consistently represent the underlying scene data. The first step checks the model-scene data consistency and discards cases which do not properly match the visibility context of the scene data. From the virtual camera point of view, each point of the rendered view of the model can be classified in three types, regarding its position with respect to the scene data: inlier, occluded and non-consistent. Inlier, shown in [Figure 8](#sensors-18-02678-f008){ref-type="fig"}a, is a model point that is near a scene point within a threshold distance and it is considered to match and explain the underlying scene surface. Occluded, shown in [Figure 8](#sensors-18-02678-f008){ref-type="fig"}b, is a point that is further away from the scene than a surface inlier; therefore, it is below the scene surface and can not be considered right or wrong. Non-consistent, shown in [Figure 8](#sensors-18-02678-f008){ref-type="fig"}c, is a point that is closer to the camera than a surface inlier, which means that it is not explained by the scene data and it is considered wrong. Hypotheses with a big percentage of occluded points or relatively small percentage of non-consistent points are likely to be false positive cases, hence discarded. In order to deal with challenging cases and certain degree of sensor noise, a maximum percentage of 15% of non-consistence points and 90% of occlusion is used.

The second verification step accounts for well fitting poses with non-matching surface boundaries. This checking procedure is especially useful to discard cases relaying on planar or homogeneous surfaces without relevant surface characteristics, which can easily be incorrectly fitted to other similar scene surfaces if no boundary considerations are applied. For each hypothesis pose, this step extracts the silhouette of the object model from the camera view, as shown in [Figure 9](#sensors-18-02678-f009){ref-type="fig"}a, and compares it with scene extracted edges, [Figure 9](#sensors-18-02678-f009){ref-type="fig"}b. The scene edges are extracted by identifying depth and normal variations. The comparison is performed by averaging the distance from each silhouette point to the scene edges. Therefore, having a set of pixels defining the scene edges $\mathbf{E}_{\mathbf{s}} \subset \mathbb{Z}^{2}$, for each different model pose view silhouette, defined by a set of pixels $\mathbf{E}_{\mathbf{m}} \subset \mathbb{Z}^{2}$, the average edge score can be computed as:$$S_{edge}\left( \mathbf{E}_{\mathbf{m}},\mathbf{E}_{\mathbf{s}} \right) = \frac{1}{|\mathbf{E}_{\mathbf{m}}|}\sum\limits_{e_{m} \in \mathbf{E}_{\mathbf{m}}}{min\left\{ | \right|}e_{m} - e_{s}{||} \mid e_{s} \in \mathbf{E}_{\mathbf{s}}{\}.}$$ Poses where the final score is higher than a threshold are discarded. In practice, a threshold of 5 pixels is used as an average distance error.

Notice that both steps may wrongly discard true positive cases under high occlusion. In this sense, both verification steps represent a trade-off between false positive pruning and occlusion acceptance rate. Hence, a request for high scene consistency, in terms of visibility context and contour matching, will reduce the capability of the system to handle occluded cases in benefit of higher reliability for normal cases.

3. Results {#sec3-sensors-18-02678}
==========

The method has been evaluated on the recently released BOP benchmark \[[@B29-sensors-18-02678]\], first introduced in a workshop of the ICCV17 conference. The experimental results are divided into two distinctive parts: (1) method's steps and parameter analysis and (2) performance evaluation against 15 state-of-the-art approaches.

3.1. Datasets {#sec3dot1-sensors-18-02678}
-------------

Hodan et al. \[[@B29-sensors-18-02678]\] have recently proposed a complete evaluation benchmark for 6D pose estimation. Their work introduces an evaluation metric, an online platform and the combination of an extensive, variate and challenging sets of publicity available RGB-D datasets, tested with state-of-the-art methods. The benchmark, shown in [Table 1](#sensors-18-02678-t001){ref-type="table"}, combines eight datasets including 89 object models and 62,155 test images with a total of 110,793 test targets. Each dataset is provided with textured-mapped 3D object models and training images from real or synthetic scenes. Notice that, for our method, only the 3D object model has been used without the texture information. The test images have distinct levels of complexity with occlusion and clutter including different types of objects, from common household objects to industrial-like pieces. For evaluation, the benchmark proposes to use a variation of the Visible Surface Discrepancy (VSD) evaluation metric \[[@B34-sensors-18-02678]\], which is robust against ambiguous cases, explained in \[[@B29-sensors-18-02678]\]. In this regard, all the presented results have been obtained using a misalignment tolerance $\tau = 20$ mm and correctness threshold $\theta = 0.3$. Due to the novelty of the benchmark, authors have published a subset of the original dataset to facilitate the comparison with the state-of-the-art and foster participation to the benchmark, in particular for slow methods. Based on the value of a robust evaluation metric and an extensive set of state-of-the-art results, we have tested our method on the aforementioned subset.

3.2. Steps and Parameter Analysis {#sec3dot2-sensors-18-02678}
---------------------------------

Initially, the effect of different method's steps and parameters are analyzed and compared. The main purpose of this section is to provide a picture of the method's steps relevancy and the postprocessing parameter dependency of the proposed solution. As already mentioned, these tests has been conducted on the subset of datasets defined by the BOP benchmark \[[@B29-sensors-18-02678]\]. If not explicitly indicated, all cases has been tested with the same parameters. The computational time difference between approaches is provided as a multiplication factor (e.g., two, three or four times slower) with respect to the faster approach in order to draw a more hardware-independent picture of the relation between recognition improvement and time cost.

First, the contribution of the proposed normal clustering downsampling step (NC), alongside the second averaging step, and the appropriateness of using a model rendered view (RV) for the re-scoring process are evaluated. In order to draw a clear picture of their contribution to the final method result, the two approaches have been disabled and their simpler approaches used. In detail, a common average voxel-grid and a whole model re-scoring process have been used as the basic alternatives. As can be observed in [Figure 10](#sensors-18-02678-f010){ref-type="fig"}a, using a rendered view (RV) for re-scoring, reduces the running time and provides a slightly higher recall, probably as a result of estimating a better fitting score using less data. In addition, when this part is combined with the proposed normal clustering (NC) approach for downsampling, the computational time further decreases and a very significant improvement in the results can be observed. Indeed, this result supports our previous reasoning that the preprocessing step is a key part of the method performance.

Second, the four discussed strategies for decreasing the effect of sensor noise on the quantization feature space are compared. [Figure 10](#sensors-18-02678-f010){ref-type="fig"}b shows the recall score for each approach and the time factor with respect to the single cell checking case. The results are surprising in several ways. On the one hand, it can be seen that the contribution of this part, analyzing the overall recall for the tested datasets, is relatively small with less than 1% improvement for all cases. On the other hand, in our implementation, the proposed solution performance goes beyond the designed efficiency and provides, on average, better results than the other approaches with dramatically lower time. Although this effect is irregular for different types of objects and scenes, a plausible explanation for these results can be attributed to the increased correspondence distance between PPF. Indeed, the proposed approach provides a larger distance only for limited cases, effectively only slightly increasing the overall distance, while avoiding the introduction of many matched pairs with a low similarity level to the voting scheme.

Third, the effect of the method postprocessing parameters on the result has been studied by analyzing different cases. Initially, the effect of considering different number of hypotheses has been studied. [Figure 11](#sensors-18-02678-f011){ref-type="fig"}a shows the obtained average recall results for all datasets taking into consideration different number of hypotheses without using any ICP or verification step. As can be seen, the re-scoring process only accounts for a relatively small improvement with respect to the one hypothesis case, which represents the best hypothesis obtained after the clustering step. In addition, it can be observed that the re-scoring process alone does not provide any significant improvement using 50, 200, 500 or 1000 hypotheses. Following this direction, a test for analyzing the ICP effect into the re-scoring process using 1000 hypotheses has been conducted. Notice that the verification steps have not been used. As shown in [Figure 11](#sensors-18-02678-f011){ref-type="fig"}b, after poses are refined using ICP, the re-scoring process becomes more effective and performance increases with respect to the number of poses refined. This improvement is slowly decreasing for a higher number of poses, suggesting that, in fact, hypotheses are sorted by their likelihood, as expected. These results also corroborates the value of the ICP step to estimate a more accurate fitting score value.

3.3. Performance Evaluation {#sec3dot3-sensors-18-02678}
---------------------------

The proposed method has been evaluated against 15 state-of-the-art methods on the BOP Benchmark. These methods cover all main research branches with local feature-based, template matching and machine learning approaches. For a fair evaluation, all methods have been tested using the same fixed set of parameters for all objects and datasets. Notice that some of the methods also make use of RGB data (e.g., Drost-10-edge, Hodan-15, Branchmann-16 and Kehl-16). Additional details about the evaluation metric and tested methods can be found in \[[@B29-sensors-18-02678]\].

Based on the step and parameter evaluation part, the proposed method has been evaluated using 200 hypotheses refined by ICP. This setup, although not providing the best possible recall, represents a good trade-off between speed and recognition rates. [Figure 12](#sensors-18-02678-f012){ref-type="fig"} shows some examples of the proposed method results. [Table 2](#sensors-18-02678-t002){ref-type="table"} shows the result of the comparison.

As can be seen from the obtained results, the proposed method outperforms the rest of the solutions, obtaining an average recall of 79.5%. In general, the proposed method performance surpasses the evaluated state-of-the-art with a relative improvement of more than 6% with respect to Vidal-18 \[[@B28-sensors-18-02678]\]. For all datasets, the obtained average recalls show a significant improvement with respect to the state-of-the-art, with a very notable boost on *T-LESS* and *RU-APC*. In particular, for the *RU-APC* case, the proposed method obtains a relative improvement of 19%, moving from 37.83% obtained by Kehl-16 \[[@B20-sensors-18-02678]\] to 44.92%. Overall, the obtained results show higher reliability for different types of objects, including household objects, e.g., *LM* or *TUD-L*, polygon shapes, e.g., *RU-APC*, and industrial-like pieces, e.g., *T-LESS*. In addition, results also suggest higher robustness against occluded scenarios, e.g., *LM-O* and *T-LESS*. Comparing different method types, the proposed method obtains the best recall within the feature-based approaches and outperforms the template matching and machine learning approaches. In detail, compared to the best feature-based approach, the preliminary work in \[[@B28-sensors-18-02678]\], the more-discriminative preprocessing steps, improved re-scoring part and novel clustering approach shows a clear improvement for all datasets. Additionally, the proposed method moves Point Pair Features voting approaches away from the top template matching technique (Hodan-15 \[[@B14-sensors-18-02678]\]), especially for *LM*, *IC-MI* and *RU-APC* datasets. Similarly, the method recall also improves with respect to the top machine learning technique (Brachmann-16 \[[@B18-sensors-18-02678]\]), in particular for the *TUD-L* dataset, for which previously this method had the highest recall. Regarding time performance, the proposed method has an average execution time of 0.99 seconds per target on an Intel i7-5930K. Notice that this performance is obtained without using GPU. Finally, we would like to notice that conclusions regarding the different methods' performance obtained from the benchmark \[[@B29-sensors-18-02678]\] are significantly different than those of previous results presented in state-of-the-art. In detail, comparing the evaluations presented in \[[@B14-sensors-18-02678],[@B17-sensors-18-02678],[@B18-sensors-18-02678]\], results lead to different conclusions, especially regarding the performance of the method proposed by Drost et al. \[[@B21-sensors-18-02678]\], which seems underestimated in those previous cases. We attribute this discrepancy to the improved quality of the benchmark \[[@B29-sensors-18-02678]\] with respect to the previous evaluation procedure, including a fixed training and testing framework with wider object domain and increased number of testing targets, fixed parameter requirements and improved evaluation metric. For these reasons, we did not evaluate the presented method against some other related approaches, like \[[@B26-sensors-18-02678]\], which used this previous evaluation procedure.

4. Conclusions {#sec4-sensors-18-02678}
==============

In this paper, a method for 6D pose estimation of free-form rigid object based on the Point Pair Features voting approach \[[@B21-sensors-18-02678]\] has been proposed for range data. The method introduces a novel preprocessing step, which considers the discriminative value of surface information, alongside an improved matching method and a hierarchical complete-linkage clustering approach. In addition, a novel view-dependent re-scoring process and two scene consistency verification steps are proposed to improve performance and decrease false-positive cases. The method's steps and postprocessing parameters are analyzed, showing the improvement of the proposed steps and the efficiency of the method. Finally, the performance of the method is evaluated against 15 state-of-the-art solutions on a set of extensive and variate publicly available datasets. The presented results show that the proposed method outperforms all the other methods for all datasets, obtaining an overall average recall of 79.5%.
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![The Point Pair Feature definition for a model's point pair $\left( m_{r},m_{s} \right)$.](sensors-18-02678-g001){#sensors-18-02678-f001}

![Representation of the modeling and matching steps of the Point Pair Features voting method. (**a**) modeling example for three point pairs from the model; (**b**) matching example for one point pair from the scene.](sensors-18-02678-g002){#sensors-18-02678-f002}

![Representation of the local coordinate (LC) system used by the point pair features method; (**a**) scene oriented point; (**b**) corresponding object model oriented point; (**c**) alignment of the model with the scene by using the two oriented points and the $\alpha$ angle.](sensors-18-02678-g003){#sensors-18-02678-f003}

![Representation of the LC $\alpha$ angle definition from two corresponding pairs $\left( s_{r},s_{s} \right)$ and $\left( m_{r},m_{s} \right)$.](sensors-18-02678-g004){#sensors-18-02678-f004}

![Proposed method pipeline. The green fine dotted box represents the iterative implementation of the steps *Feature Extraction*, *Matching* and *Hypothesis generation* for each scene point.](sensors-18-02678-g005){#sensors-18-02678-f005}

![Representation of the normal clustering voxel-grid downsampling. (**a**) original cloud with a voxel-grid structure; (**b**) common downsampling by average; (**c**) novel proposed clustering approach; (**d**) result of the proposed clustering approach.](sensors-18-02678-g006){#sensors-18-02678-f006}

![One-dimensional example of the noise effect on the lookup table during matching with four different strategies. (**a**) original approach; (**b**) approach of \[[@B26-sensors-18-02678]\] using $\Delta$; (**c**) approach of \[[@B26-sensors-18-02678]\] using $\frac{\Delta}{3}$; (**d**) our approach.](sensors-18-02678-g007){#sensors-18-02678-f007}

![Model surface points classification regarding its distance to the scene data from the camera view. Green, blue and red colors label inlier, occluded and non-consistent points, respectively on the cat model surface. (**a**) matching pose; (**b**) occluded pose; (**c**) non-consistent pose.](sensors-18-02678-g008){#sensors-18-02678-f008}

![Examples of the extraction of the object model silhouette and the scene edges. (**a**) object model silhouette; (**b**) scene edges.](sensors-18-02678-g009){#sensors-18-02678-f009}

![Performance comparison between different approaches. (**a**) comparison of the basic method against RV and NC improvements; (**b**) comparison between matching with single cell, all neighbors with $\Delta$ and $\frac{\Delta}{3}$ and our method using 16 cells maximum. Note: the left axis shows recall value in percentage and the right axis shows time factor.](sensors-18-02678-g010){#sensors-18-02678-f010}

![Performance comparison using different post-processing parameters. (**a**) comparison using a different number of hypotheses, no ICP or verification step is applied; (**b**) comparison refining different number of poses for 1000 hypotheses, any verification step is applied. Note: left axis shows recall value in percentage and right axis shows time factor.](sensors-18-02678-g011){#sensors-18-02678-f011}

![Proposed method results in scenes from the BOP benchmark datasets. Scene RGB data is shown in gray. Object models are shown in color and inside a green bounding box. Notice that, for scenes with multiple instances, only the most supported instance is used.](sensors-18-02678-g012){#sensors-18-02678-f012}

sensors-18-02678-t001_Table 1

###### 

BOP benchmark dataset \[[@B29-sensors-18-02678]\]. Each dataset has several objects, training images and test images. Some test images have more than one object, defining several test targets. *Used* values represents the current subsets used for the methods evaluation.

  Dataset   Objects   Training Images   Test Images   Test Targets                        
  --------- --------- ----------------- ------------- -------------- --------- ---------- ---------
                      **Real**          **Synt.**     **Used**       **All**   **Used**   **All**
  LM        15        \-                1313          3000           18,273    3000       18,273
  LM-O      8         \-                1313          200            1214      1445       8916
  IC-MI     6         \-                1313          300            2067      300        2067
  IC-BIN    2         \-                2377          150            177       200        238
  T-LESS    30        1296              2562          2000           10,080    9819       49,805
  RU-APC    14        \-                2562          1380           5964      1380       5911
  TUD-L     3         \>11,000          1827          600            23,914    600        23,914
  TYO-L     21        \-                2562          \-             1680      \-         1669
  Total     89                                        7450           62,155    16,951     110,793

sensors-18-02678-t002_Table 2

###### 

Recall scores (%) for the BOP Benchmark \[[@B29-sensors-18-02678]\] using the VSD metric with $\tau = 20$ mm and $\theta = 0.3$.

  Method                                                         LM          LM-O        IC-MI       IC-BIN      T-LESS      RU-APC      TUD-L       AVG
  -------------------------------------------------------------- ----------- ----------- ----------- ----------- ----------- ----------- ----------- -----------
  Our method                                                     **90.73**   **61.87**   **98.67**   **97.50**   **72.14**   **44.92**   **90.67**   **79.50**
  Vidal-18 \[[@B28-sensors-18-02678]\]                           87.83       59.31       95.33       96.50       66.51       36.52       80.17       74.60
  Drost-10-edge \[[@B35-sensors-18-02678]\]                      79.13       54.95       94.00       92.00       67.50       27.17       87.33       71.73
  Drost-10 \[[@B21-sensors-18-02678],[@B35-sensors-18-02678]\]   82.00       55.36       94.33       87.00       56.81       22.25       78.67       68.06
  Hodan-15 \[[@B14-sensors-18-02678]\]                           87.10       51.42       95.33       90.50       63.18       37.61       45.50       67.23
  Brachmann-16 \[[@B18-sensors-18-02678]\]                       75.33       52.04       73.33       56.50       17.84       24.35       88.67       55.44
  Hodan-15-nr \[[@B18-sensors-18-02678]\]                        69.83       34.39       84.67       76.00       62.70       32.39       27.83       55.40
  Buch-17-ppfh \[[@B36-sensors-18-02678]\]                       56.60       36.96       95.00       75.00       25.10       20.80       68.67       54.02
  Kehl-16 \[[@B20-sensors-18-02678]\]                            58.20       33.91       65.00       66.00       35.95       37.83       38.67       47.94
  Buch-17-si \[[@B36-sensors-18-02678]\]                         33.33       20.35       67.33       59.00       13.34       23.12       41.17       36.81
  Brachmann-14 \[[@B17-sensors-18-02678]\]                       67.60       41.52       78.67       24.00       0.25        30.22       0.00        34.61
  Buch-17-ecsad \[[@B36-sensors-18-02678]\]                      13.27       9.62        40.67       59.00       7.16        6.59        24.00       22.90
  Buch-17-shot \[[@B36-sensors-18-02678]\]                       5.97        1.45        43.00       38.50       3.83        0.07        16.67       15.64
  Tejani-14 \[[@B19-sensors-18-02678]\]                          12.10       4.50        36.33       10.00       0.13        1.52        0.00        9.23
  Buch-16-ppfh \[[@B37-sensors-18-02678]\]                       8.13        2.28        20.00       2.50        7.81        8.99        0.67        7.20
  Buch-16-ecsad \[[@B37-sensors-18-02678]\]                      3.70        0.97        3.67        4.00        1.24        2.90        0.17        2.38
